
RESULTS 

Table 2 provides the measured performance of models based on individual evidence types as 
well as the full model with all evidence types.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Figure 1 shows histograms of the predicted probability as well as the AUCs of the model for the 
positive and negative controls in all three reference sets. 
  

The plots suggest that the predicted probabilities produced by the algorithm were generally 
useful for segregating positive and negative controls. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

CONCLUSIONS  

We found that LAERTES was relatively predictive of the reference sets, particularly when all the 
predictors with enough data were utilized.  
 

LAERTES may have potential in identifying drug outcome pairs that warrant further evaluation, 
however this would need to be studied in the future.  
 

LAERTES holds promise of being a powerful tool in selecting positive and negative controls in a 
faster manner than traditional manual efforts would allow. 
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OBJECTIVES 

To build a machine learning classifier using Large-scale Adverse Effects 
Related to Treatment Evidence Standardization (LAERTES) to identify: 

 Positive Controls: drugs that cause certain outcomes.  

 Negative Controls: drugs that lack evidence for causing certain 
outcomes. 

 

A classifier addresses the immediate need of automating the selection of 
positive and negative controls. 
 

Hypothesis:  The information found in LAERTES can be used to classify 
drugs and health outcomes of interest (HOI) into positive or negative 
controls. 
 

BACKGROUND 

Safety assessment is time-consuming and resource-intensive, as evidence 
is often compiled from varying, often unstructured, and generally 
incomplete, systems which yield conflicting information that must be 
interpreted and reconciled with appropriate clinical and analytical 
expertise.   
 

Drug safety evidence for adverse drug reaction (ADR) is produced across 
many disparate sources.  

 

LAERTES provides a standardized structure to enable analyses across 
relevant ADR evidence.   
 

MATERIALS & METHODS 

Each piece of evidence listed in Table 1 was identified by a drug (RxNorm) 
and HOI (SNOMED) pair. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A regularized logistic regression model was fitted on manually created 
reference sets and predictive accuracy was estimated using cross-
validation. 

 Observational Medical Outcomes Partnership (OMOP) Reference 
Set (6). 

 Exploring and Understanding Adverse Drug Reactions (EU-ADR) 
Reference Set (7). 

 

To test the generalizability a 3rd reference set was used, the Arizona Center 
for Education and Research on Therapeutics (AZCERT) dataset (8). 
 

Each reference set defined the ingredients/condition(s) of interest, 
however only concepts with enough evidence in LAERTES were considered 
(i.e. had at least one piece of evidence in each data source type grouping 
[Table 1]). 

Table 2: AUC and 95% confidence interval for individual predictors and a regularized regression 

model using all predictors, using leave-pair-out cross-validation. 

Column(s) in Model AUC on OMOP Set AUC on EU-ADR set 

Medline Clinical Trial 0.57 (0.54-0.59) 0.64 (0.56-0.71) 

Medline Case Reports 0.68 (0.63-0.72) 0.89 (0.82-0.95) 

Medline Other 0.52 (0.50-0.54) 0.55 (0.50-0.60) 

Medline SemMedDB Clinical Trial 0.58 (0.55-0.61) 0.57 (0.51-0.62) 

Medline SemMedDB Case Reports 0.58 (0.55-0.61) 0.58 (0.51-0.65) 

EU Product Labels 0.57 (0.54-0.60) 0.53 (0.49-0.56) 

US Product Labels 0.81 (0.77-0.85) 0.77 (0.68-0.87) 

FAERS * 0.75 (0.69-0.81) 0.67 (0.55-0.80) 

FAERS PRR ** 0.56 (0.50-0.63) 0.60 (0.47-0.73) 

All Predictors 0.87 (0.82-0.91) 0.93 (0.88-0.99) 
OMOP: Observational Medical Outcomes Partnership, EU-ADR:  Exploring and Understanding Adverse Drug Reactions, AUC: area under 

the curve, LBCI: lower bound 95% confidence interval, UPCI: upper bound 95% confidence interval, FAERS: FDA Adverse Event Reporting 

System, PRR: proportional reporting ratio 
  

* natural logs were taken to scale predictor ** geometric mean was used to scale predictor 

Table 1:  Evidence that LAERTES Contains 

Data Source Type Data Source & Description 

Literature 

Medline MeSH Clinical Trials (1) 

Medline MeSH Case Reports (1) 

Medline MeSH Other (1) 

Medline SemMedDB Clinical Trials (2) 

Medline SemMedDB Case Reports (2) 

Medline SemMedDB Other (2) 

Product Labels 

European Product Label Adverse Drug Reactions (3) 

Structured Product Label Adverse Drug Reactions  
from SPLICER (4) 

Spontaneous 
Reports 

FAERS Report Count (5) 

FDA Adverse Event Reporting System (FAERS)  
Proportional Reporting Ratio (PRR) (5) 

AUC = 0.87 (0.83-0.92) AUC = 0.95 (0.90-0.99) 

AUC = 0.86 (0.79-0.93) 
5% Worst Case Misclassification:  AUC = 0.55 

5% Best Case Misclassification:  AUC = 0.92 

OMOP: Observational Medical Outcomes 
Partnership, EU-ADR:  Exploring and 

Understanding Adverse Drug Reactions, 
AUC: area under the curve 

Figure 1. Histograms of predicted probabilities with AUCs for positive/negative controls in the 
various reference sets, using the model trained on both OMOP and EU-ADR ref. set. 
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